Abstract
To be cited as: Savić, D. A., Bicik, J., & Morley, M. S. 2011 A DSS Generator for Multiobjective Optimisation of SpreadsheetBased Models. Environmental Modelling and Software, 26(5), 551-561. (http://dx.doi.org/10.1016/j.envsoft.2010.11.004) 6 there is no guarantee that the global optimum will be found using GA although the number of applications suggests a good rate of success in identifying good solutions (Nicklow et al., 2010) . Their ability to handle both single and multiple objectives and constraints makes them attractive to the decision making processes in many areas of water engineering.
Most water engineering decision-making problems need to achieve multiple objectives, e.g., maximisation of benefits, minimisation of costs, minimisation of risks, maximisation of reliability, minimisation of deviations from desired performance levels, etc (Haimes, 1998) . The goal of multiobjective optimisation is to investigate trade-offs between the problem's conflicting objectives (Nicklow et al., 2010) . Unlike single-objective optimisation, whose aim is to find the 'best solution' by aggregating all different objectives into one, multiobjective optimisation aims to find to a set of compromised solutions, largely known as the Pareto-optimal solutions (Fonseca and Fleming, 1995) . A Pareto-optimal solution is one that is better than any other solution in at least one objective. The entire set of such solutions is called a Pareto-optimal set whose 'front' is obtained by plotting solutions according to their objective values, yielding an M-dimensional surface, where M is equal to the total number of objectives (Nicklow et al., 2010) . By running a population of solutions in parallel, multiobjective evolutionary algorithms can evolve entire trade-off (Pareto) surfaces within a single run even for large mixed-integer optimisation problems (Halhal et al., 1997) .
However, developing multiobjective optimisation models or implementing optimisation tools in practice, requires a good level of programming skills and/or thorough understanding of the optimisation methodologies on which the tools are based. This often results in a disproportionate amount of time being spent on debugging and polishing models as compared to time spent on creativity (Savenije, 1995) .
Requirements
In order to bring the power of multiobjective optimisation closer and faster to the intended users, a new DSS generator called GANetXL, which will address some of the difficulties associated with the 7 development and use of model-based DSS in water engineering practice, has been envisaged. The basic requirements considered for the new DSS generator are:
1. To provide easy access to efficient EMO optimisation algorithms to users who are optimisation non-specialists in order that they could consistently find good Pareto solutions to problems. These solutions are expected to be better than those that could be found through trial-and-error experimentation (i.e., using simulation only); 2. To develop a new general-purpose DSS generator as an Excel add-in thereby allowing a large number of users to take advantage of integrating powerful optimisation with modelling capabilities of spreadsheet technology; 3. To provide an intuitive Graphical User Interface (GUI) that will allow the easy creation of specific DSS applications. The interface should allow inexperienced users to define an optimisation problem, configure and execute an optimisation run and analyse the obtained results through intuitive visualisation of Pareto-optimal solutions in both decision and objective spaces; 4. To minimise the need for complex coding of the interface between optimisation and any simulation routines that have to be used to evaluate potential solutions.
STRUCTURE AND FEATURES
The above mentioned bottlenecks to model-based DSS development and use in practice were the principal motivation for the development of GANetXL (Bicik et al., 2008) . Although a number of commercial (e.g., Evolver and GeneHunter) and non-commercial (Schreyer, 2006) tools exist that incorporate GA as a global search technique into a spreadsheet environment, none of these tools employs evolutionary optimisation algorithms to tackle multiobjective problems.
GANetXL has been built upon a robust optimisation framework (Morley et al., 2001 ) developed within the Centre for Water Systems (CWS) at the University of Exeter for over a decade. The tool combines the strength of single-objective and multiobjective optimisation using GA with an interface that To be cited as: Savić, D. A., Bicik, J., & Morley, M. S. 2011 A DSS Generator for Multiobjective Optimisation of SpreadsheetBased Models. Environmental Modelling and Software, 26(5), 551-561. (http://dx.doi.org/10.1016/j.envsoft.2010.11.004) 8 allows the easy creation of a specific DSS that uses GA to formulate and optimise the problem at hand.
For single-objective problems GANetXL provides a family of steady-state, generational and generational elitist evolutionary algorithms (Goldberg, 1989) whereas in the domain of multiobjective problems the NSGA-II algorithm (Deb et al., 2002 ) is currently supported. Since its launch in 2006, GANetXL has been used by more than 250 students and researchers from 35 countries all over the world. Several applications of the GANetXL in the water engineering area already exist, including the development of a model-based DSS for optimal management of groundwater contamination (Farmani et al., 2008) , optimal design of water distribution systems (Deepthi et al., 2009; Čistý and Bajtek, 2009) , integrated water resources management (Molina et al., 2010) , planning renewal of water distribution systems (Kleiner et al., 2009; , and optimisation of water recycling schemes (Rozos et al., 2010) .
Formulating a problem using the tool requires the user to create a spreadsheet using Microsoft Excel (a set of example problems and templates are provided with the tool's installation file) and to configure the GA parameters using the GANetXL interface. The software structure, which is implemented in GANetXL to provide an intuitive interface and allow the easy formulation of optimisation problems, is illustrated in Figure 1 . There are four key components of the DSS generator: (1) Toolbar, (2) Configuration Wizard, (3) Excel spreadsheet model, and (4) Interactive visualisation interface.
Toolbar
The Toolbar contains five control buttons (Configuration, Run, Resume, Results and About) , each of them controlling one of the key components of GANetXL:
• Configuration Wizard -used to configure the application.
• Run -starts the optimisation or attempts to recover crashed computation from a backup file (if automatic backup is enabled).
• Resume -resumes suspended optimisation.
• Results -displays the Pareto front in EMO version.
• About -displays information about the software version, license, expiration date and limitations.
(Figure 1 approximately here)
The Configuration Wizard guides the user through the required steps and options to provide parameters required by any of the evolutionary algorithms implemented within GANetXL. After configuring all the parameters the optimisation algorithm can be executed by pressing the Run button on the Toolbar (Figure 1 ).
Configuration Wizard
The Wizard has three main tabs for fulfilling the configuration tasks (Genetic Algorithm, Excel Link and ensuring that their bounds are satisfied. In addition, the Simulation tab allows an external simulation model to be called for fitness evaluation (via a VBA macro), while the Write Back tab returns the current GA information into specific spreadsheet cells to apply user defined penalty multipliers as a function of the optimisation progress. The possibility to call a VBA macro to evaluate fitness of a solution enables users to easily integrate other software packages into the optimisation process. The interfacing can be done using a Dynamic-link library (DLL), Component Object Model (COM) or by invoking a standalone executable. A DLL can be written in, e.g., C, C++, Matlab or FORTRAN, whereas a COM object can be implemented in C++, VB or the Microsoft .NET family of languages (e.g., C#, VB.NET, etc.). The use of standalone executables, which typically read inputs from one file and write model outputs to another file, comes with a significant performance penalty unlike in the case of the two other approaches (i.e., DLL and COM). The decision variables are defined (e.g., cell B9 entered in Genes Range, in Figure 2 ) together with the gene type (e.g., Integer Bounded, Real Bounded, etc. in Figure 2 ) and lower and upper bounds on each of the decision variables. It is also necessary to provide the location where in the spreadsheet the formulae for objectives are to be found (e.g., cell range B12:B13 in Figure 1 ), the type of objective (i.e., minimisation or maximisation) and the name of the objective (for graphing purposes). If constraints are required, a spreadsheet cell that contains the penalty formula has also to be specified. The configuration data is saved in a worksheet that is created automatically after the Configuration button is pressed. This worksheet is by default hidden as the user has the Wizard to modify the configuration of the DSS. However, experienced users are able to generate the configuration sheet dynamically using VBA.
Excel Spreadsheet Model
The model of the optimisation problem in hand should define decision variables, objectives and constraints, as well as any other relationships between them. The only requirement a spreadsheet file must meet to be compatible with GANetXL is that it contains one worksheet named "Problem". This is the worksheet which defines the model, including the cell locations for decision variables, objectives and constraints. Modern spreadsheets, such as Microsoft Excel, provide a number of chart options to facilitate visualisation of the decision space.
Visualisation of the objective space during and after the optimisation run is achieved through an optimisation progress form shown in Figure 3 . The results obtained from the optimisation run(s) are automatically saved in a separate worksheet(s) of the same spreadsheet file after the end of computation and can be visualised using the Interactive visualisation interface (see Figure 4) .
Interactive visualisation interface
The interactive visualisation interface displays the solutions which have been obtained in the form of a grid containing values of decision variables (genes, e.g. G1), objective functions, penalty/infeasibility and other statistical indicators (Figure 3) . To visualise the progress of an optimisation run in the objective space, a chart is used to display the best Pareto front (in EMO) or just the fitness of the best solution (in single objective optimisation). The visualisation of a Pareto-optimal set is currently only possible in two dimensions (2D) by selecting which two objectives will be displayed, as shown in Figure 3 . With more than two objectives this 2D representation can be changed by selecting different combinations of objectives from the drop-down menu at the top of the GUI form.
(Figure 3 approximately here)
After the run is completed, the Pareto-optimal front can be visualised by activating the model worksheet and then by invoking the "Results" option in the GANetXL toolbar. This component is also limited to 2D representation and allows easy changing of displayed objectives on the X and Y axes (Figure 4 ). In addition to manipulating the plotting axes, the user can choose whether the whole Pareto set should be displayed or only its subset by zooming into the desired area of the graph. If several runs of the same Excel model were carried out (e.g., using different optimisation parameters), the resulting Paretooptimal sets can be plotted by selecting the name of the worksheet (check box on the left of the form)
where the solutions of the particular run were saved. 
RESERVOIR OPERATION APPLICATION
The ability of GANetXL to create quickly a specific model-based DSS to optimise a water supply reservoir operation will be illustrated on a simple hypothetical example with two objectives. Figure 5 shows a spreadsheet created to perform the water balance computations over 10 time steps (column D) for a sequence of monthly inflows (column E). For simplicity, all the values in the spreadsheet are given in volumetric units. In this example, the goal is to find the maximum yield (amount of water) that the reservoir can supply constantly throughout the period (cell B9, which is then copied to cells F4:F13), while maximising the storage levels as a surrogate for recreational benefit (assumes that higher water levels are more desirable for recreational purposes). The water balance equation (cell range G3:G13) is expressed as:
Eq. 1 where:
• t -time step for water balance computations
• Storage(t) -storage at the end of time step t
• Inflow(t) -inflow during time step t
• Supply(t) -volume supplied during time step t For example, the balance equation is implemented in the spreadsheet for cell G4 as: 
The minimum storage constraint is defined through the water supply deficit, which occurs when reservoir storage falls below the Dead Storage (cell B4):
An additional constraint is introduced to ensure continuity of operation, thus requiring that the reservoir has completed the cycle at the end of time period t=10 at the same level from which it started. This is achieved by modifying the deficit constraint (Eq. 4) for that time period to: 0, ( 10) ( 0) ( 10) ( 10) ( 0) ,
If Storage t Storage t Deficit t Storage t Storage t If Storage t Storage t
The sum of all deficits (Total Penalty in cell I14) is then computed ( Figure 5 ) and this is used to penalise solutions with supply deficit. In the example (Figure 5 ), the total deficit of 4 volumetric units contains the deficit calculated at the end of period t=2 where the storage falls to zero (below the Dead Storage) and at the end of period t=10 where the end storage level is below the starting storage level.
The two objective functions can be expressed as:
1. Maximise Yield (cell B12), which is calculated as the sum of supply volumes, i.e., SUM(F4:F13), and 2. Maximise Recreational Benefit (cell B13), which is calculated as the sum of all storage levels, i.e., SUM(G4:G13).
To optimise this model, one only needs to select the Multiple Objectives option in the Configuration Wizard and provide information where the decision variable, i.e., constant supply (cell B9), two objectives (cells B12:B13) and the penalty (infeasibility) cell (I14) are located. In addition the type (e.g., integer, real, etc.) and bounds for the decision variables need also to be specified.
(Figure 5 approximately here)
First, the optimisation problem is solved under the assumption that the decision variables are discrete (Integer Bounded in Figure 2 ), i.e., the supplied amount during each time step can only take discrete values. This is done for illustrative purposes, i.e., to limit the number of solutions in the Pareto set and allow easier analysis of the trade-off solutions. The visualisation of the two-objective Pareto-optimal set is shown in Figure 4 , with "Yield" and "Recreational Benefit" objectives plotted on X and Y axes, respectively. In Figure 4 , the user is presented with seven discrete solutions showing various levels of trade-off between the two objectives, i.e., Yield in the range [0; 60] and Recreational Benefit in the range [166; 226] . For example, the highlighted point (red square) shows a compromise solution with Yield = 40 and Recreational Benefit = 200. It is unsurprising that the identified solutions correspond to the seven feasible discrete supply levels in the range of [0, 6] . It is also interesting to note at this point that the same solutions could have been obtained by using a single objective GA, but that would have required at least seven independent optimisation runs, each constrained by the discrete level of yield required, i.e., 0, 1, …, 6, whereas the solutions in Figure 4 were obtained in a single run of the EMO algorithm. By clicking on each of the solutions the value of the two objectives is displayed and the model in the Excel worksheet is automatically updated to show the corresponding reservoir storage levels and other variables for that particular solution over the entire time period considered.
The next run was performed by simply changing the type of the decision variable from integer to continuous. The resulting Pareto-optimal front is shown in Figure 6 , which demonstrates that the discrete solutions identified in the previous run are the subset of the new Pareto front. It is interesting to note here that unlike in the case of discrete decision variables (Figure 4 ), these solutions cannot be easily obtained by running a single objective GA many times for different levels of Yield. The other benefit of visualising the entire Pareto-optimal set is that it is now more apparent that there is a considerable change in the slope of the trade-off curve beyond the point Yield = 40, thus resulting in a sharper decline in Recreational the maximum storage constraint, which limits the increase in recreational benefit that can be achieved. This is potentially a valuable piece of information for a decision maker needing to select one of the solutions from the Pareto set for implementation.
(Figure 6 approximately here)
Although this is admittedly a simple example, the application demonstrates how easy is to set up a model, optimise it using an EMO algorithm, and visualise solutions in the decision ( Figure 5 ) and objective (e.g., Figure 6 ) spaces helping the decision maker to identify relevant trade-offs.
PUMP SCHEDULING OPTIMISATION
The cost of pumping treated water is a major part of the total operating costs of water distribution systems (Bene et al., 2009) . In England and Wales, the total direct water distribution costs were reported to be £458 million in the 2008/9 financial year, £130 million of which was attributed to water distribution power consumption (OFWAT, 2009) . Therefore, even small improvements in how pumps are used could result in very high cost savings if proper optimisation methods are implemented.
Pump scheduling is the process of choosing which of the available pumps within a water distribution system are to be used and for which particular periods of the day the pumps are to be operated. A significant amount of research effort has been focused on optimising pump operation schedules with the aim of minimising the marginal cost of supplying water, whilst keeping within physical and operational constraints of the system (Jowitt and Germanopoulos, 1992; Mackle et al., 1995 , Savić et al., 1997 Ostfeld and Tubaltzev, 2008; López-Ibáñez et al., 2008) . This includes maintaining sufficient water within the systems storage tanks to meet the required time varying consumer demands while minimising the number of pump switches in an operational cycle to avoid excessive pump maintenance costs (Lansey and Awumah, 1994) . As an optimisation problem, pump scheduling is difficult to solve due to the electricity tariff varying greatly through a typical operating cycle and due to the hydraulic behaviour being highly nonlinear (Biscos et al., 2003) , causing computer modelling to be a complex, computationally demanding and a time consuming process (van Zyl et al., 2004) .
The network example that is used in this study was first analysed by Pasha and Lansey (2009) In the case of pump scheduling, the problem can be posed as a two-objective optimisation problem with objectives being the minimisation of energy costs and the minimisation of pump switches:
where:
• TC -total energy cost for a 24-hour period,
• TN ps -total number of pump switches in a 24-hour period,
• t -hourly time step,
• C(t) -unit cost energy during time step t,
• E(t) -energy consumed during time step t, which is as a function of pump flow, Q p (t) and tank water level, H(t),
• N ps (t) -number of pump switches during time step t.
In this case, the total number of pump switches is always even as a pump has to be switched on and off at least once during the 24-hour period, unless it is always on or always off, in which case TN ps =0. As there are four fixed speed pumps in the system, each of which can be run during any time interval, the total number of possible pump combinations is 2 4 = 16 during each hour of the day, or the total search space of 7.92 x 10 28 . The main constraint is that the water level in the tank has to be kept between the allowable minimum, H min , and maximum, H max , storage levels and is a function of the previous hour tank water level, H(t-1) , and the pump station flow, Q P (t) of that hour:
There is also a constraint on the flow each combination of pumps can deliver, which is a function of the pump characteristics and the tank water level:
The final constraint ensures that the initial water level is reached or exceeded in the tank at the end of the optimisation period:
The model is implemented as an Excel spreadsheet with EPANET initialisation/termination buttons (Figure 8-1) , charts visualising key variables, i.e., tank levels, demands, pumps running (decision variables), energy tariff and consumption (Figure 8-2) , and tabular representation of minimum and maximum tank levels (Figure 8-3 (Figure 8-7) , and objective and penalty term values (Figure 8-8 ).
(Figure 8 approximately here)
The key point to note here is that GANetXL provides an easy way to connect the model spreadsheet (via a VBA code) to external simulators (such as EPANET). For example, in order to link EPANET and Excel spreadsheet the two VBA modules need to be developed: (1) EPANET_DLL, which is imported simply from the EPANET programmers Toolkit (Rossman, 2000) and (2) EPANET fitness evaluation calls) achieved slightly better costs than the solution that allowed only 200 generations (i.e., 3,000 EPANET calls), but the shorter run does not provide the full coverage of the Pareto front, i.e., non-dominated solutions for 16 and 18 pump switches are missing. Furthermore, as the objective of selecting and comparing solutions would be to find a lower cost solution while keeping within acceptable low number of pump switches, the visualisation of the Pareto set could indicate to the user that solutions with higher number of switches, e.g., TN ps > 6, provide marginally less benefits in terms of cost reduction.
By clicking on any of the solutions on the graphical interface showing the Pareto-optimal front, the user is able to analyse the behaviour of the system in the Excel model (e.g., the full pump schedule and tank levels over the 24-hour period). Figure 10 shows two pump schedules, A (TC=$1,421; TN ps =6) and B(TC=$1,263.TN ps =8). Both identify Pump1 as running continuously over 24 hours, with Pump2 also running continuously in Schedule A and for 20 hours in Schedule B (which accounts for the additional pump switching). Pump3 runs for 8 hours in both schedules, while additionally Schedule A requires Pump3 to be switched on for an hour as opposed to Schedule B, which requires Pump4 to be switched on during the same time step as in Schedule A.
(Figure 10 approximately here)
It is also interesting to note that the number of fitness function evaluations, e.g., ranging from 7,500 to 30,000, still represents only a minute proportion of the total search space (7.92 x 10 28 ).
CONCLUSIONS
This study presents a general-purpose DSS generator, GANetXL, for developing specific DSS that require multiobjective optimisation of spreadsheet-based models. The DSS generator is a result of the desire to allow easier involvement of users in the development of DSS prototypes, which will lead to better DSS performance, acceptance and adoption in practice. It is argued here that this is possible by using GANetXL as a large number of users (decision makers and analysts), many of whom may be inexperienced in developing and using complex optimisation methods, are able to develop or at least understand spreadsheet models. Spreadsheets, such as Microsoft Excel, are considered ideal for small to medium-size modelling applications due to their ubiquitous presence, transparency of spreadsheet-based models, ease of use, availability of ready-to-use graphical interfaces and the fact that they can be programmed by using macro language.
The DSS generator, GANetXL, which integrates evolutionary multiobjective optimisation (EMO) with spreadsheet modelling capabilities, is demonstrated on two examples from water engineering practice. The first example involves the optimisation of a simple water supply reservoir operation model with two objectives. The functionality of the DSS generator and its intuitive interface allowed a quick implementation of the water supply reservoir simulation model within Excel, execution of the EMO algorithm and interactive visualisation of the objective and decision spaces thereby allowing a user to gain 
